Abstract The main aim of this paper is to develop a new hybrid method to assess landslide susceptibility mapping (LSM) in neighboring provinces of Alborz Mountains in Iran. In the last centuries, this region has experienced a large number of landslides due to its location on earthquake belt, with high precipitation in some parts and having varied topography. Besides, the largest city of Iran (Tehran), a lot of important infrastructures, congested roads and a large population are located in this region. Therefore, determining the spatial outlines of the regions which are prone to future landslides is a critical issue. To reach this goal, the LSM is provided by applying a hybrid model of statistical index (Wi) and adaptive neuro-fuzzy inference system (ANFIS) in a Geographic Information System. In the first step, landslide inventory map was divided into two groups randomly. These groups are training dataset including 70 % recorded landslides and the remaining 30 % was used to test the model output. The first and second groups are used to determine the weights in model and validation of results, respectively. Then, 12 landslide conditioning factors are selected and categorized into two groups which are continuous numerical and nominal. After that, each factor is classified and the weight of each class is determined using Wi. The outputs of Wi and Wi-ANFIS were employed to determine nominal and continuous numerical data, respectively. In the Wi-ANFIS approach, the calculated weights of each class is allocated to the center of each class, and the rest weights of values are determined by ANFIS which is an artificial algorithm using training data (in this paper, the weights were calculated by Wi) in terms of predicting and interpolating. The results are evaluated using receiver operation curves including success rate curve and predicted rate curve. The validation results of the proposed hybrid method shows that the area under the curve of success rate curve and predicted rate curve are 0.90 and 0.89, respectively, which have been improved in comparison with Wi. The results proved that the suggested model applied in this study generated reliable LSM which can be applicable for primary land use planning and infrastructure site selection.
Introduction
Landslide is considered one of the most complicated natural phenomenon which endanger human generations (Nourani et al. 2013) . This phenomenon has caused widespread casualties, financial difficulties, destroying infrastructures and environmental problems (Kavzoglu et al. 2013; Zhu et al. 2014) . A landslide is the effect of natural hazards such as earthquakes, ground motion and heavy rain (Liu et al. 2011 ). In addition, other environmental factors such as rock bed material, geological units, morphological conditions, and altitude have an effect on it as well (Florsheim and Nichols 2013; Liu et al. 2011) . Based on the aforementioned reasons, in the last two decades, a lot of research has been carried out for assessment of regions which are susceptible to future landslides. To determine these regions, knowing about the correlation value of the influencing factors with the amount of their effectiveness on landslide potential plays a key role .
The aim of LSM is to determine sites where the landslides might happen in future. The importance of this issue can be discussed from two questions. The first one is what infrastructure is currently endangered and the second question is which places are more suitable for new infrastructure and land use planning? To deal with this issue, there are different methods for LSM. The conventional methods of Landslide susceptibility mapping are categorized into three groups which are soft computing, expert knowledge based and statistical methods. Methods such as artificial neural network, SVM, maximum likelihood and ANFIS are considered to be in the first group (Alimohammadlou et al. 2014; Dewitte et al. 2010; Marjanović et al. 2011; Pavel et al. 2011; Song et al. 2012; Tehrany et al. 2015) . MCDM methods such as AHP, ANP, SWARA and TOPSIS belong to the second group (Dehnavi et al. 2015; Kayastha et al. 2013b; Neaupane and Piantanakulchai 2006; Pavel et al. 2011; Shao and Zhao 2013; Yalcin 2008) . The last group is classified into two categories which consist of bivariate and multivariate methods. Frequency ratio, weights of evidence and statistical indexes belong to the bivariate and logistic regression belongs to multivariate group (Ozdemir and Altural 2013; Piacentini et al. 2012; Regmi et al. 2013; Umar et al. 2014; Xu et al. 2012) .
The main objective of this paper is to improve the results of statistical index (Wi) based on the interpolation rules using ANFIS. Based on a lot of methods about interpolation and the first rule of geography, close points have similar features (Aronoff 1989; Burrough 1986 ). In the first step of statistical index (Wi), the effective factors of landslide were determined and each factor is divided into classes based on the expert's idea. After applying Wi, which is obtained from overlaying landslide inventory map and the related layer of each factor, the weight of each class is determined (Cevik and Topal 2003; Yalcin et al. 2011a) . In this research, factors were divided into two groups which are continuous numerical data and nominal data. The first factors are: altitude, slope angel, slope aspect, distance to roads, distance to streams, distance to faults and rainfall. The second group includes seismicity, plan and profile curvature, land use and lithology. Based on the discussed issues related to the interpolation rules, the weights calculated by Wi for each class, are allocated to the center of each class and for the rest of the values in each class the weights are computed by ANFIS. In other words, the result of Wi are considered as the training data of ANFIS. Figure 1 shows the better clarification of the applied algorithm.
In conventional statistical methods the calculated weight of each class is allocated to all values of each class (Shahabi et al. 2014) such as boundary values, while in the proposed hybrid method each value has its special weight. So, this issue leads to improvement in the accuracy of results. This approach is applicable just for continuous numerical data, and for the second group of factors, the Wi weights are used. In the last step, the layers obtained from Wi-ANFIS of first seven factors and the layers obtained from Wi of the second five factors are overlaid by weighted sum tool in GIS environment. To verify this model, receiver operating curves (ROC) including predicted rate curve and success rate curve have been applied. Finally, the results of Wi method and Wi-ANFIS are compared, and the area under the curves (AUC) of results have been calculated. The larger number shows more accurate and reliable results (Althuwaynee et al. 2012; Dehnavi et al. 2015; Pourghasemi et al. 2012 ).
Study area
The study area includes provinces near Alborz Mountains which are located in north of Iran stretching from west to east. The area is about 189,333 km 2 includes Gilan, Mazandaran, Golestan, Ghazvin, Alborz and Tehran. Geographically, it lies between 48°31 0 and 57°4 0 E longitude and 34°14 0 and 38°28 0 N latitude. A lot of main roads and infrastructure of Iran are located in this area and its population is about 23,376,500 which is about 32 % of the total population of Iran. The most prominent rainfall area (2000 mm annual precipitation) belongs to Bandar Anzali which is located in the west of study area. The highest altitude of study area belongs to Damavand peak, about 5700 m height. In addition, some parts of northern Caspian coast are located below the sea level (Ghorbani 2013) .
In Rudbar-Manjil earthquake, landslides destroyed a large number of places and caused financial crisis (Haeri and Satari 1993) . Therefore, investigating landslide potential seems to be necessary for the mentioned area. To illustrate, the study area map as well as landslide events points are depicted in Fig. 2 .
Inventory map
Landslide inventory map includes places which have experienced landslides (Che et al. 2012; Fernandes et al. 2004; Nourani et al. 2013 ).
Landslides historical data are used for LSM. These maps were collected from different resources such as surveying, interviews, interpretation and processing aerial and satellite images (Youssef et al. 2014 ).
The applied map in this study was obtained from Forest Range and Watershed Management Organization. Investigating these maps shows that 1292 out of 3962 landslides in Iran happened in this area. Based on the reports, several landslides have occurred in region which is more than 100 hectares.
In this study, 70 % of the happened landslides are considered training data and the rest of data were used to validate the applied method. The inventory map of the study area is shown in Fig. 1 .
Landslide conditioning factors
The geo-environmental features of a region have varied effects on landslides, so considering these factors is a key component (Van Westen et al. 2008) . Choosing these features depends on process, scale, features of the region and type of landslides (Glade et al. 2005) , and there is no deterministic rule to determine the effective factors Yalcin 2008 ). This paper has considered 12 factors which are chosen by investigating the previous studies (Dehnavi et al. 2015; Lee and Pradhan 2006; Regmi et al. 2013; Shahabi et al. 2014) . The factors are aspect, slope, altitude, distance to roads, distance to streams, distance to faults, rainfall, plan curvature, profile curvature, lithology, land use, and seismicity. Based on the approach of this paper, these factors are categorized into two classes. The first classes are continuous factors (the first seven factors) and the rest of them are descriptive factors.
Altitude
Altitude is one of the landslide conditioning factors to provide landslide susceptibility mapping which has been discussed in the previous studies Dehnavi et al. 2015; Schicker and Moon 2012; Yao et al. 2008) . A lot of factors such as erosion and human activities are affected by this factor, so this factor is a most important factor in landslide susceptibility studies . This study has applied DEM with spatial resolution of 90 9 90 m which was obtained from National Geographic Organization. This map depicts the altitude from -82 to 5594 m and has been classified into 21 classes (\200, 200-400, 400-600, 600-800, 800-1000, 1000-1200, 1200-1400, 1400-1600, 1600-1800, 1800-2000, 2000-2200, 2200-2400, 2400-2600, 2600-2800, 2800-3000, 3000-3200, 3200-3400, 3400-3600, 3600-3800, 3800-4000, 4000 m\). The map of this factor has been shown in Fig. 3 .
Slope
Slope angle is one of the basic factors which effects landslide occurrence (Lee et al. 2004) . This is the angle between each section of surface and horizontal datum (Dehnavi et al. 2015; Kavzoglu et al. 2013 ). This factor has been applied in similar studies (Dehnavi et al. 2015; Ercanoglu and Gokceoglu 2004; Oh and Pradhan 2011; Roodposhti et al. 2013) .
In this study, the slope layer was produced using DEM in ArcGIS. This map depicts the 0°-68°of slope angle. This range has classified in ten classes a (0-5, 5-10, 10-15, 15-20, 20-25, 25-30, 30-35, 35-40, \45) . The related map is shown in Fig. 3 .
Aspect
The direction of maximum slope of the terrain surface is called slope aspect (Kayastha et al. 2013b) . Aspect is another factor employed in investigating landslide susceptibility mapping (Conforti et al. 2014; Dehnavi et al. 2015; Roodposhti et al. 2013; Thiery et al. 2007) . In this study, aspect has been applied using DEM in ArcGIS. In this layer the values are between 0 and 360 and this range has been classified into nine classes which are north, northeast, east, south-east, south, south-west, west, north-west and flat. The related map is shown in Fig. 3 .
Distance to roads
Distance to roads was commonly used in landslide hazard assessment studies (Bui et al. 2012a, b; Dehnavi et al. 2015; Pradhan 2013) as road construction beside slopes may change the state of the slope of the hill which is balanced before that (Yalcin et al. 2011b ). This distance to roads map was provided by National Cartographic Organization and the scale is 1:100,000. The process was done using the provided proximity map (distance to roads) which has 90 9 90 m spatial resolution in ArcGIS.
This map is categorized in 11 classes (0-100, 100-200, 200-300, 300-400, 400-500, 500-600, 600-700, 700-800, 800-900, 900-1000 and 1000 m\). The most probability of the landslides happening is related to the first class (0-100) and the last is related to the last class which is (1000\) and the related factor is shown in Fig. 4 .
Distance to streams
Distance to streams like distance to roads is one of the general proximity factors in LSM (Dehnavi et al. 2015; Yalcin et al. 2011b ) and has been considered in several researches (Bui et al. 2012c; Cevik and Topal 2003) . The main role of this factor is having an effect on slope sustainability (Yalcin et al. 2011b ). The employed map for this research has been obtained from National Cartographic Organization with a scale at 1:250,000. This factor has been classified into 11 classes (0-100, 100-200, 200-300, 300-400, 400-500, 500-600, 600-700, 700-800, 800-900, 900-1000 and 1000 m\). In the study area second class (100-200) has the most potential for landslide happening and the weight of classes decreases at each range. It means that the distances which are more than 1000 m has the least potential of landslides happening. The Fig. 4 depicts the related map.
Distance to fault
This factor like the two previous factors is considered proximity factor and has been investigated in a lot of studies (Dehnavi et al. 2015; Kayastha et al. 2013a; Tien Bui et al. 2012; Yilmaz 2009 ). Fault zones are vulnerable, fractured, and crushed because of stress relief and intrusions of igneous rock in these zones (Burroughs et al. 1976) . In this study, the scale of the investigated map is 1:5000,000 which was produced by National Geological Organization. The layer of distance to faults like the previous factors has been produced in ArcGIS. This factor has 11 classes (0-300, 300-600, 600-900, 900-1200, 1200-1500, 1500-1800, 1800-2100, 2100-2400, 2400-2700, 2700-3000 and 3000 m \). The first six classes have more potential for landslide happening and in the next classes this potential decreases and like the previous factor, the least potential is related to the last class. The related map is shown in Fig. 4 .
Rainfall
Rainfall is considered one of the main triggering factors that causes landslides (Conforti et al. 2014; Dehnavi et al. 2015; Sidle and Ochiai 2006; Yalcin et al. 2011b ). In long term, the amount of rainfall leads to enhanced water pressure in the studied regions and this factor increases the potential of landslide failures (Kayastha et al. 2013b; Mohammady et al. 2012; Ozdemir and Altural 2013) . In this study mean annual rainfall is considered one of the most effective factors on LSM. The data of 50 years average of rainfall for synoptic stations of Iran has been used which were obtained from Forest Range and Watershed management Organization. The raster layers of the factor have been produced in ArcGIS by applying krigging interpolation technique. This map has nine classes with values varying between 0 and 1800 mm. The most potential of landslide is related to 600-800, 800-1000 and 1600-1800 mm. The least potential is related to the first class which is 0-200 mm. The related factor is shown in Fig. 5 .
Seismicity
Earthquake is another important triggering factor generally considered in landslide hazard studies. The earthquakes lead to rock slides, avalanches and flows (Keefer 1984; Sidle and Ochiai 2006) . The peak ground acceleration (PGA) is considered the representative of landslide failures (Bai et al. 2012; Xu et al. 2012 ).
The seismicity map was obtained from International Institute of Earthquake, Iran. This map has four classes which are low hazard, moderate hazard, high hazard and very high hazard. Based on the prediction of the most and the least potential of landslide happening are related to very high hazard and low hazard, respectively. The related factor is shown in Fig. 5 .
Plan and profile curvature
The two curvatures most frequently computed are plan curvature which is defined as the curvature of a contour line formed by the intersection of the terrain surface with a horizontal plane (Conforti et al. 2014; Dehnavi et al. 2015; Oh and Pradhan 2011; Wilson and Gallant 2000) and profile curvature that is described as the curvature of a flow line formed by intersecting a vertical plane with the surface Wilson and Gallant 2000) . The plan curvature shows the rate of change of the aspect along a contour and the profile curvature determines the rate of change of slope down a flow line. Slope shape can be categorized into three hydro geomorphic slope units which are planar, divergent and convergent slope segments (Sidle and Ochiai 2006) .
Negative values of plan curvature represent the slopes that are sidewardly concave while positive values of this represent the slopes that are sidewardly convex and finally, values of this factor around zero indicate planar slopes. Negative, positive and zero values of profile curvature indicate upwardly convex, upwardly concave and flat surfaces, respectively.
In this paper these two factors are produced using DEM in ArcGIS. In two factors the concave class has the most 
Land use
Land use is one of the frequently factors used in LSM (Dehnavi et al. 2015; Guoqing et al. 2011; Lee and Pradhan 2006; Pourghasemi et al. 2012; Youssef et al. 2014) . This factor has effects on largeness, frequency, and the type of landslides (Sidle and Ochiai 2006) . In this study the land use map was obtained from the Geographical Organization of Iran. This map shows 16 zones, however, the descriptive analysis shows that there are many zones without the landslide records. Therefore, 12 factors based on the severity are used: forest, dry farming, afforestation, irrigated forming, scattered dry farming, range, bare lands, sand dunes, urban, rock out crops, desert and others. The related map is shown in Fig. 6 .
Lithology
Lithology is one of the most important factors used in landslide studies (Dehnavi et al. 2015 ; Lee and Pradhan 2006; Ozdemir and Altural 2013; Yalcin et al. 2011b) .
The features of constituent material in slopes such as strength and permeability play a key role in slope sustainability (Sidle and Ochiai 2006) . These features based on the different lithological units affecting the landslides (Dai et al. 2002) . The landslide phenomenon, part of geomorphological studies, depends on the lithological characteristics of the terrain. It has been strongly proved that lithology has a significant effect on landslide occurrence and lithological differences result in the variation in the permeability and strength of soil and bedrock (Yalcin et al. 2011b) .
Based on this map 184 different lithology units are observed in the study area and 109 units have not experienced any landslides. Therefore, in digitalizing step, this factor has been divided into 76 classes and their abbreviations are tabulated in Table 1 . The most potential of landslide happening is related to PeEF, Jch, and Jcs and the associated map is shown in Fig. 6 .
Methodology The statistical index (WI)
The statistical index (WI) is classified into bivariate statistics category (BS) (Akgun et al. 2012; Xu et al. 2012; Yalcin et al. 2011b ). In BS model, each factor is compared with the inventory map (Xu et al. 2012) . In other words, all the classes in conditioning factors are categorized based on landslide density. This process requires classification of each factor to create inventory map, by overlaying of map factors and inventory map (Xu et al. 2012) . In other words, WI method is based on statistical correlation, map crossing, landslide inventory map and attribute factors of different parameters (Yalcin et al. 2011b) . In this study, values of Wi related to each class of each factors are computed as follows (Van Westen 1997):
here Wi weight is allocated to a special parameter class, Densclass denotes the parameter class, Densmap denotes the landslide density of the whole map, Npix(Si) denotes the number of pixels which includes landslide in a certain parameter class, Npix(Ni) denotes the number of pixels in certain parameter class, SNpix(Si) denotes the number of pixels belong to total landslides and SNpix(Ni) denotes the number of all pixels. The obtained weight of each class is observed in the Table 2 . After this step, WI values are computed in each class in ArcGIS and allocated to the related class. After that, the final LSM of this method is produced through overlaying.
ANFIS
Fuzzy logic translates linguistics variables to mathematical form (Klir and Yuan 1995) . However, fuzzy system can not be trained and be adjusted to change in Stochastic conditions. To deal with this problem, hybridization of fuzzy logic and neural network can be considered a logical solution. This combination helps to obtain a more reliable structure for fuzzy logic inference (Alakhras 2005; Jang et al. 1997; Kumanan et al. 2008; Morshed Varzandeh et al. 2014) . ANFIS produces great performance in conditions where there is no applicable method to select membership and parameters (El-Shafie et al. 2007 ). To adjust the membership function of a fuzzy logic system, combination of error back propagation and least squares method is used by ANFIS. In the end, the final error of the system is determined, and then the derivative squared error for each node's output are considered as error signal, and they are fed back to the employed system to modify membership function parameters (Keskin et al. 2006) .
Two common fuzzy style inferences are Sugeno and Mamdani styles. Sugeno-style is based upon TakagiSugeno-Kang method (Takagi and Sugeno 1985) , and mamdani is based upon Zade's paper (1965) .
To have a better illustration, a fuzzy inference system with two inputs and one input is shown in Fig. 7 . The rule base includes two fuzzy if-then rules of Takagi and Sugeno's type.
Rule 1: If x is A 1 and y is B 1 , then
Decoding for function of every layer is illustrated as follows:
Layer 1 (fuzzification): the first layer fuzzifies the amount of the input variables. In this layer each node i is a square node with node function
x is the input for node i, A i is the linguistic tag which is based on the node function, and O i;1 is the membership function of A i that determines the rank for the input x satisfying A i .
x is the input to node i, Ai is considered the linguistic label of this node function, and O 1;i is the membership function of A i that specifies the grade for the given x satisfying A i .
l is often justified as gauss-shaped or bell-shaped with maximum and minimum equal to 1 and 0. a i ; b i ; c i f gare the parameters set considered premise parameters
Layer 2 (fuzzy AND): this layer tries to calculate firing strength of each rule. Every node has a role as fuzzy AND operation on the fuzzy rules' premise section. Product operation is employed to compute the firing strength of each rule.
Layer 3 (normalization): the third layer is employed to normalize the firing strength of each rule with applying the computation of the ratio of firing strength of every rule to the total value of each rule. Figure 4 depicts the firing strength of each rule by
Layer 4 (fuzzy inference): the forth layer specifies the output of each rule. The above for mentioned function calculates the outputs in the then part.
x i is the output of the third layer and (p i ; q i ; r i ) are parameters set, and these parameters are adjusted in the meantime that parameter are determined. These parameters are consequent parameters.
Layer 5 (defuzzification): the fifth layer calculates the overall outputs of all the rules. This layer comes to play as defuzzification process of the FIS.
The ensemble WI-ANFIS model
Based on the interpolation methods such as IDW, krigging, and thiessen polygons, the closest points are similar to each other (Aronoff 1989; Bolstad 2005; Burrough 1986 ). In the current study, especially statistical methods and MCDMs, the numerical data such as distance to faults, distance to roads, and stream as well as rainfall, slope angel, slope direction and altitude are classified into different classes and the same weight is allocated to all the values of each class. Because nature does not have crisp features, especially in natural hazards, using the same weight for the whole range of a class cannot be the best solution. For example, the distance to fault factors which is divided into 300 m, the weight obtained from WI for 1 equals to 299 m, and the weight of 301 equals to 600 m. To deal with this problem, the weights of each value of each class can be computed by ANFIS. Based on the aforementioned points, this study has determined the weight of each class by WI.
After that, these weights were allocated to the middle point of each class. These weights are considered the train data in ANFIS. The other values of each class are determined by ANFIS and allocated to the values. In other words, after applying this method, each value has its individual weight. In the last step, different maps are overlaid in ArcGIS. To clarify better, the related weights of WI-ANFIS are shown in Figs. 8 and 9.
Results and discussion
Based on the aforementioned points, different maps of varied factors have been produced and overlaid for landslide susceptibility mapping. These factors are categorized into two groups which are nominal and numerical continuous data produced by applying Wi and Wi-ANFIS. The ANFIS was applied for interpolation to improve the weights of Wi. After that, the LSM has been produced using sum weighted in ArcGIS. These maps have been classified into five classes which are very low hazard, low hazard, moderate hazard, high hazard and very high hazard (Ozdemir and Altural 2013) . These classes are produced using quantile classification method in ArcGIS and the output maps were overlaid by the inventory map (Ozdemir and Altural 2013) . The number of pixels of produced five classed in the recorded landslide region are obtained from overlaying of two output maps (the results of Wi and Wi-ANFIS method) and inventory map (training and testing data) (Figs. 10, 11) . The diagram of testing dataset of Wi and Wi-ANFIS for the happened landslides are shown in Fig. 12 .
Investigating the number of landslides in validating and training dataset of both methods leads to the following results.
In two susceptibility classes of hybrid method including very high and high classes, the amount of pixels is 94.24 % which is 6.29 % more than Wi in validation dataset. The number of pixels in the two aforementioned classes of training dataset is 96 % which is 6 % more than Wi. Besides, in Wi-ANFIS, there is no pixel in the very low class in validation dataset and there is only 1 pixel in the training dataset. This information shows the reliability of the proposed method in comparison with Wi.
Verification of LSM method plays a key role to predict the quality of approaches used in LSM. Different mathematical and approaches such as landslide density, ROC curves are used to reach this goal. In this study, success rate and rate curve prediction are applied to verify LSM. The success rate curve (Fig. 13) was obtained using the landslide pixels in the training dataset (70 % of total observed landslides). For plotting this curve, at first, the landslide susceptibility map should be divided into classes in order of decreasing landslide susceptibility index (LSI) values. Then, on the basis of observed landslide pixels in each class, cumulative curve is plotted. For prediction capacity evaluation of the developed landslide model, success rate is not a suitable method because it used the training dataset that has been used for building the model (Bui et al. 2012b ). Thus, prediction rate curve which is obtained using the landslide pixels in the validation dataset (30 % of total observed landslides) can be used to assess the capacity of the proposed landslide model for predicting landslide susceptibility (Fig. 14) (Conforti et al. 2014) .
To assess the landslide susceptibility prediction accuracy of developed model, the area under the prediction rate curve (AUC) can be employed. A higher value of AUC which varies from 0.5 to 1, indicates a higher prediction rate but a value close to 0.5 indicates the prediction has no advantage compared to random guess (Chung and Fabbri 2003; Conforti et al. 2014) .
In both methods, AUC of success rate curve is 0.9. In other words, the applied methods have very good performance. Therefore, it is better to use predicted rate curve to compare the methods.
The AUC of predicted rate curve in Wi-ANFIS is 0.89 which shows a good value of LSM method. In addition, The AUC of Wi is 0.88 which is acceptable for Wi performance. Comparing these two values, it can be concluded that the hybrid method outperforms the Wi in terms of LSM. Fig. 9 Wi-ANFIS weights a distance to roads, b distance to streams, c distance to faults, d rainfall
Conclusion
In this study, a new method based on Wi and ANFIS was proposed to produce LSM of Alborz Mountains and surrounding areas. To reach this goal, based on the similar studies, the condition of the environment, and expert's comments, 12 landslide conditioning factors were considered such as: altitude, slope, aspect, distance to faults, distance to roads, distance to streams, rainfall, seismicity, plan curvature, profile curvature, land use and lithology. These factors have been categorized into two groups which are continuous numerical data and nominal data. The first, seven factors are in the first class and the rest of them are in the second class. These factors are classified into different classes, and overlying 70 % of total landslides are considered training data to be weighted. The other 30 % are considered validation data to be verified. In the numerical factors, the calculated weigh of each class is assigned to the center of each class. The reason is that based on the interpolation placement rules, the close places have the similar features. For the other values, the ANFIS has been employed to determine them. In addition, based on the produced diagrams of calculated weights in Wi-ANFIS, the weights have more normal and closer features to their natural behavior. Finally, the LSM of both Wi and Wi-ANFIS method were produced. For verification, the success rate curve and prediction rate curve were produced. The AUC of the hybrid method is 0.89. This value has improved the Wi method 88 %. Besides, in the hybrid method, success rate curve is 0.90 which is closer to test data set and prediction dataset. In addition, the maps are classified into five classes which are very high, high, moderate, low and very low. In the hybrid method the number of pixels in landslide for the test data is more in a significant way. Based on this information, it can be concluded that this method has a good performance. The produced LSM for the near provinces of Alborz can be used for different goals such as designing infrastructures, planning land cover and placement of these factors as valuable information. Moreover, after landslide happening, this map can be useful for aiding team to select most important places. According to the aforementioned points and natural features which have non-crisp behavior, the applied method has improved the results to be more reliable. However, this method uses statistical index for nominal data. 
